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The global automotive industry is undergoing a significant transformation towards electric vehicles to significantly
reduce carbon emissions and contribute to a greener planet. The proliferation of EVs is not only a trend but also an
urgent solution to address climate change. In the context of a world striving for sustainable development, selecting
the right electric vehicle becomes a crucial decision for consumers as one of the urgent solutions. This study employs
two methods, CRADIS and PIV, to rank ten electric vehicle models and identify the optimal choice. Each vehicle is
characterized by seven criteria, and the weighting of these criteria is determined using four methods: Entropy,
LOPCOW, WENSLO, and combined weighting. This research also compares the CRADIS and PIV methods based
on various similarity measures such as SPE (Spearman's coefficient), WPSE (Weighted Spearman's coefficient), RS
(Rank Similarity coefficient), and KE (Kendall’s coefficient). The results indicate a slight advantage of the PIV method

over the CRADIS method.
Keywords: electric vehicle selection, MCDM, CRADIS, PIV, similarity coefficients

HIGHLIGHTS

— The CRADIS and PIV methods were applied for electric vehicle selection.
— The CRADIS and PIV methods were compared using various similarity measures.
— The PIV method demonstrated superior performance over CRADIS in similarity analyses

Measurement Of Alternatives And Ranking According To A Compromise Solution

NOMENCLATURE
EVs Electric Vehicles
CRADIS Compromise Ranking of Alternatives from Distance to Ideal Solution
WTT Well-To-Tank
PIV Proximity Indexed Value
LOPCOW Logarithmic Percentage Change-driven Objective Weighting
WENSLO Weights by ENvelope and SLOpe
SPE Spearman's Coefficient
WPSE Weighted Spearman's coefficient
RS Rank Similarity Coefficient
KE Kendall’s Coefficient
MCDM Multi-Criteria Decision-Making
MABAC Multi-Attributive Border Approximation Area Comparison
COCOSO Combined Compromise Solution
MAIRCA Multi Attribute Ideal-Real Comparative Analysis
VIKOR Vise Kriterijumska Optimizacija i Kompromisno Resenje
ROV Range Of Value
FUCA Faire Un Choix Adéquat
TOPSIS Techniques for Order Preference by Similarity to an Ideal Solution
WASPAS Weighted Aggregated Sum Product Assessment
ARAS Additive Ratio Assessment
SAW Simple Additive Weighting
PSI Performance Selection Index
MARCOS
OPARA Objective Pairwise Adjusted Ratio Analysis
COPRAS Complex Proportional Assessment
EDAS Evaluation based on Distance from Average Solution
RAM Root Assessment Method
WSA Weighted Sum Approach
PROMETHEE Preference Ranking Organization METHod for Enriched Evaluation
MOORA Multi-Objective Optimization On The Basis Of Ratio Analysis
AHP Analytic Hierarchy Process
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AROMAN Alternative Ranking Order Method Accounting for Two-Step Normalization
MACONT Mixed Aggregation by COmprehensive Normalization Technique
MARE Multi-Attribute Range Evaluations
MCRAT Multiple Criteria Ranking By Alternative Trace
SAW Simple Additive Weighting
TOPSIS Techniques For Order Preference By Similarity To An ideal Solution
FUCA Faire Un Choix Adéqua
CRITIC Criteria Importance Through Inter-Criteria Correlation
ELECTRE ELimination and Choice Expressing REality
QFD Quality Function Deployment
ORESTE Organization, Rangement Et Synthese De Donnes Relationnels
EVAMIX Evaluation of Mixed Data
RRP Rank Reversal Phenomenon

1 Introduction

The transportation sector, responsible for the daily movement of millions of passengers and tons of freight, plays a
pivotal role in driving economic growth and industrialization. However, despite its critical importance, the sector
presents a significant threat to human health due to its reliance on petroleum, becoming a major contributor to air
pollution [1]. It is widely acknowledged that the key driver of global climate change is one of the significant
contributors: the use and burning of fossil fuels from the industrial and residential sectors of the world [2].
Transportation is the main sector in terms of the consumption of fossil fuels, accounting for over 89% of petroleum
energy use when compared to the average energy consumption across different industries [3]. On the other hand,
electric vehicles (EVs) have attracted world interest mainly because of the expectation to contribute to the mitigation
of gas emissions. For instance, according to the International Energy Agency's Global EV Outlook, in the first quarter
of 2024, electric vehicle sales were strong, reaching over 3 million units, up about 25% from the same period in 2023 [4].

EVs represent not only a mode of transportation but also a revolution in the automotive industry and a sustainable
solution to global environmental challenges. Compared to traditional gasoline-powered vehicles, EVs offer numerous
advantages. Electric vehicles produce zero tailpipe emissions, contributing to reduced air pollution, ozone layer
protection, and greenhouse gas emissions [5]. When examining the "well-to-tank" (WTT) phase of the EV lifecycle
and its associated emissions, the availability of accurate and comprehensive data on WTT emissions can significantly
influence the reliability of comparisons and rankings based on the environmental impacts of electric vehicles. On the
other hand, emissions related to the WTT phase are largely dependent on the regional energy mix. Additionally, EVs
provide a quiet and smooth driving experience, enhancing comfort and relaxation. Significant advancements in
battery technology have substantially increased the driving range of EVs and shortened charging times [6]. Many
modern electric vehicles are equipped with intelligent features such as driver-assistance systems, wireless
connectivity, and partial autonomous driving capabilities, elevating the user experience [7]. The transition to electric
vehicles not only benefits the environment but also stimulates economic growth [8]. The electric vehicle
manufacturing industry creates numerous new jobs, from design and component production to maintenance and
repair. Moreover, the development of charging infrastructure generates new business opportunities. With lower
operating costs and government incentives, electric vehicles are becoming increasingly competitive compared to
fossil fuel-powered vehicles, reducing the economic burden on consumers [9]. In summary, electric vehicles offer a
comprehensive solution to environmental and energy challenges. With the support of government policies and
emerging technologies, EVs are poised to become more prevalent and play a vital role in building a sustainable future.

However, selecting the right electric vehicle from the myriads of options available on the market today presents a
significant challenge. Each model possesses unique specifications, ranging from price and charging time to driving
range, leaving consumers perplexed [10]. Furthermore, factors such as design, features, and brand contribute to the
diversity and complexity of the final decision. The application of multi-criteria decision-making (MCDM) methods is
considered the optimal approach to overcome this challenge [11-13].

Various MCDM methodologies have been widely adopted in many fields. However, one common characteristic
among them is that all the methods rely on "additive" algorithms, some of which are mixed with artificial or subjective
factors; thus, all these methods are semi-quantitative and bring uncertainty to the final decision-making [14-15]. The
CRADIS methodology provides not only a clear framework for decision-making but also seeks to reduce the
shortages associated with other MCDM methods. The method is based on the evaluation of the deviations of
alternatives from both the ideal and anti-ideal solution [16]. The CRADIS method has been used in a large deal of
contemporary research across different fields including material selection [17], sustainability performance evaluation
[18], multi-label feature selection [19]. The PIV method is known to reduce the occurrence of ranking reversal
phenomenon 20-22]. The approach was applied in many works such as recent studies on the selection of suppliers
[23], selecting the optimum solution for metal cutting [24], selecting machining process machine manufacturing [25].
This study aims to compare the CRADIS and PIV methods, whose advantages have been previously outlined, based
on various similarity measures. In doing so, analyses are performed using the real-world problem of electric vehicle
selection, and the methods are evaluated in terms of ranking consistency. The contributions of this study to existing
literature are as follows:
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— This study addresses a notable gap in literature by comparing the CRADIS and PIV methods through the
application of different similarity measures such as Spearman’s coefficient (SPE), Weighted Spearman’s
coefficient (WSPE), Rank Similarity coefficient (RS), Kendall’'s coefficient (KE).

— By applying the methods to a real-life problem such as electric vehicle selection, the study demonstrates how
theoretical decision-making methods perform when implemented in practical scenarios.

— The comparison of CRADIS and PIV methods in terms of ranking consistency provides valuable insights into
the strengths and weaknesses of each method under varying conditions, shedding light on their relative
robustness.

— The study offers new perspectives and potential avenues for future research by examining and contrasting
the CRADIS and PIV methods, encouraging further exploration and refinement of MCDM techniques.

— The study enriches the understanding of the rank reversal phenomenon in the literature by analyzing how
CRADIS and PIV respond to this issue, contributing to a deeper comprehension of its impact on various
MCDM methods.

After the introduction, the second section presents the relevant literature in two sub-sections. The third section is
dedicated to the application, while the final section focuses on the conclusions and recommendations.

1.1 Literature review

This section reviews studies that focus on the comparison of MCDM methods. It then explores MCDM applications
in electric vehicle selection, highlighting the most frequently used criteria.

1.1.1 Studies focus on the comparison of MCDM methods

MCDM methods have been widely applied in various domains, and it is difficult to definitively state that one method
is superior to another. Rather, it is more appropriate to say that certain methods are better suited for specific
applications [26-27]. This is due to the inherent complexity of MCDM methods and the differences in algorithms
employed by each method [28]. In fact, some studies have reported that to ensure the reliability of final decisions, it
is necessary to solve each problem using several different MCDM methods [29-30]. Following this approach,
numerous studies have been conducted to compare MCDM methods in various contexts.

Some studies have only compared the performance of methods based on whether they consistently identify the same
best alternative, without considering the ranking of other alternatives or, in other words, the stability of the rankings
when using different methods. MABAC, COCOSO, MAIRCA, VIKOR, and ROV methods have been shown to exhibit
comparable performance when used to select the best alternative for metal cutting and the best alternative for office
air quality [31]. The FUCA and PIV methods have shown similar performance when used to select materials for
connecting rods [32]. Fuzzy variants of the TOPSIS, WASPAS, and ARAS methods have shown comparable
performance when used for supplier selection [33]. The hybridization of the PSI and SAW methods to form the PSI-
SAW method, the hybridization of the PSI and MARCOS methods to form the PSI-MARCOS method, and the PSI
method itself have been evaluated as having comparable performance when used to select materials for connecting
roads, gearbox housings, and gears [25]. When used to rank random number sets, the OPARA, SAW, WASPAS,
COPRAS, TOPSIS, VIKOR, and EDAS methods have shown comparable effectiveness [34].

Some studies have compared MCDM methods based on both their agreement in identifying the best alternative and
other statistical techniques. The hybridization of the FUCA and PSI methods to form the FUCA-PSI method, the
hybridization of the PIV and PSI methods to form the PIV-PSI method, and the PSI method, when used to rank the
digital transformation performance of several Viethamese cities, have shown comparable effectiveness. Not only did
these methods (FUCA-PSI, PIV-PSI, and PSI) consistently identify the same best alternative, but the similarity in the
ranking of other alternatives was also very high when ranked using these three methods, with the smallest Spearman
coefficient being 0.8361 [35]. When used to select materials under high-temperature, oxygen-rich conditions, the
RAM method has not only outperformed the TOPSIS and VIKOR methods in identifying the best alternative among
available options, but RAM has also exhibited greater resistance to ranking reversals compared to TOPSIS and
VIKOR [36], etc.

Other studies have compared MCDM methods based on different criteria. The FUCA method has been verified to
have higher performance than the WSA method when used to rank the financial status of companies. To sum it all
up, calculating the Spearman coefficient between scenarios gave results whereby the FUCA method came out much
more effective than the WSA method [37]. The effectiveness of the PROMETHEE method was superior to TOPSIS
and SAW while using the Spearman coefficient between scenarios when evaluating stocks of companies by [38]. In
another study, the use of the Spearman coefficient under different conditions showed that TOPSIS and MOORA have
comparable and better performance concerning the VIKOR method when used for ranking sets of numbers [39].

In the assessment of calculation complexity, flexibility in decision-making, and comprehensiveness in facilitating
group decisions, the VIKOR method proved more effective than TOPSIS and AHP in prioritizing metal casting
techniques [40]. Using standard deviation along with scores of alternatives and computational complexity as
evaluation criteria showed that among the MARCOS, AROMAN, and MACONT methods applied to the ranking of
vacuum cleaner robots, the MARCOS method had the best performance while the MACONT method had the weakest
performance [41]. Nevertheless, as regards the ranking of devices with respect to many criteria characterizing each
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alternative, it was shown that the AHP method is less effective than MARE and ELECTRE IIl when the number of
criteria of the alternatives to be ranked increases, while MARE has been evaluated to have the highest performance.
This can be explained by the fact that MARE depicts a higher precision in the handling of uncertain situations than
the other two methods [42]. More so, it has also emerged that the AHP process may become challenged when
dealing with large numbers of alternatives to be ranked or where it is faced with a considerably large number of
criteria upon which each alternative is given [42-43].

The information above shows that the comparison of MCDM methods has been carried out using various approaches
and applied in many different real-world situations. The comparison of two methods with outstanding advantages,
such as CRADIS and PIV, will contribute to enriching the human knowledge base of MCDM methods. The
comparison of CRADIS and PIV is considered with multiple comparison criteria, including comparing whether these
two methods consistently identify the same best electric vehicle, and analyzing the stability in ranking alternatives
when the weights of criteria are calculated using different methods.

1.1.2 Criteria frequently employed in electric vehicle selection within the MCDM framework

In recent years, with the issues of environmental sustainability and energy efficiency becoming more apparent, there
has been a dramatic shift taking place within the transportation sector. One of the major components of this
transformation is electric vehicles. From an environmental point of view, electric vehicles emit no tailpipe emissions
and thus help to lower localized pollution, being of especial importance in highly populated urban areas [44]. With
increasing interest in electric vehicles (EVs), numerous criteria have been developed to lead the evaluation and
selection of these vehicles. Table 1 summarizes the criteria used in electric vehicle (EV) selection in studies
employing the MCDM approach, as an overview.

Table 1. The criteria commonly employed in the selection of EVs

Sources [45] | [46] | [47]|[48] | [49] | [50] | [51]|[52] | [53] | [54] | [55] | [56] | [57] | [58] | [59] | [60] | [61] | [62] | [63] | [64]
Range v | v v v | v v | v |V v v | v v

Smart features v | v v | v | vV v v

Performance v | v
Battery life v | v vViIiviI|v|Iv|v |V

Storage space v
Price vV iV | v |V |V |V v v
Charging time v | v v v v
Appearance; 4 v
No. of doors v

ST NS

No. of airbags 4

Seating capacity; | v | vV

Acceleration v | v

After-sales cost
Top speed v | v
Fastcharge time 4 v v v

NENENEN
<
<
<
<
<
<
<

\
\
\
\
AN
\
AN
\

Weight unladen

Full charge time | v | v v | v

Comb. fuel viviv]v v viliv|iv]v v v
economy

Reliability
Width v
Resale value v
Safety v v

Greenhouse
gases

AN
AN
AN

Vehicle weight

AN
AN
AN

Engine power 4 4
Maximum torque v v v v v v | v v
Aesthetic v
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Sources [45] | [46] | [47] | [48] | [49] | [50] | [51] | [52] | [53] | [54] | [55] | [56] | [57] | [58] | [59] | [60] | [61] | [62] | [63] | [64]
Air pollution v
Durability v
Voltage 4
Height 4
Wheelbase v v
Cargo volume v v v v v v

As seen in Table 1, criteria such as range, battery life, price, charging time, acceleration, top speed and combined
fuel economy are the most frequently preferred. In contrast, criteria such as appearance, no. of doors, no. of airbags,
after-sales cost, reliability and width are also among the factors influencing EV selection, but they have been
examined less frequently than the others. When considering the number of criteria used in the studies, it is evident
that each study includes at least five criteria. Decision-making models suggested in the literature for EV selection
have also been reviewed. In this regard, AHP is the most used weighting technique, while Entropy ranks as the
second most frequently used. On the other hand, studies where weights were determined solely based on expert
opinions, without a methodological framework, are also notable [49, 53, 58,61]. The study utilizing the QFD technique
is also noteworthy [50]. Among the techniques used in EV ranking, TOPSIS is the most frequently applied, with
MARCOS, MABAC, and COPRAS also being preferred by researchers. Additionally, the use of techniques such as
ORESTE, FUCOM, AROMAN, and EVAMIX appears to be limited [47, 52, 54]. On the other hand, the study
conducted by Dimic-Misic et al. [65] aimed to address key questions regarding the development of the electric vehicle
(EV) concept based on findings from the past decade. Additionally, the study provided a comprehensive assessment
of the future development of raw materials for EV batteries.

2 Materials and methods

The steps for scoring and ranking alternatives using the CRADIS method are as follows [16]:
Step 1: Normalize data using Egs. (1-2).

—_ %

M= X jmax ()
_ Xjmin

M= (2)

Step 2: Calculate the weighted normalized values using Eq. (3).
Vij = Ngj kW 3)
Step 3: Determine the ideal and anti-ideal solutions using Egs. (4) and (5).
t; = maxv;; (4)
tai = Minv;; (5)
Step 4: Calculate the deviations from the ideal and anti-ideal solutions using Eqgs. (6) and (7).
at =t; — v (6)
d™ = v — tg (7)

Step 5: Calculate the values s* and s~ using Egs. (8) and (9).

st=yr,dt 8
sT=37,d” 9)
Step 6: Calculate the values Ki* and K using Eqgs. (10) and (11).
S+
K =% (10)
Ky =% (11)

%)

Step 7: The values Q;, calculated using Eq. (12), are used to rank the alternatives. The alternative with the highest
Qi value is the best.
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_ Ki+Kf

Q=—"—F— (12)
Step 4: Rank the alternatives based on the principle that the best alternative is the one with the highest overall
probability.
The steps for the PIV method are as follows [20]:
Step 1: Determine the normalized values according to Eq. (13).

Xi

T = (13)
?;1751'2
Step 2: Calculate the weighted normalized values according to Eq. (14).
Vi = W; x1; (14)

Step 3: Determine the weighted proximity index for each alternative. Eq. (15) is applied for benefit criteria, and Eq.
(16) is applied for cost criteria.

Ui = Vmax — Vi (15)
Ui = Vi = Unmin (16)
Step 4: Determine the overall proximity value according to Eq. (17).
d; = 7:1 U; (17)

Step 5: Rank the alternatives based on the principle that the alternative with the smallest di is the best alternative.

Four weighting methods were used to calculate the weights of the criteria in this study: Entropy, LOPCOW, WENSLO
and a combined method. Entropy, LOPCOW, and WENSLO are three objective weighting methods. Objective
weighting methods are the most used because the weights of the criteria are not influenced by any subjective opinions
of the decision-maker [66-67]. The combined weight is a combination of the weights calculated using the Entropy,

LOPCOW, and WENSLO methods according to Eq. (18) [68]. Where the symbols W™, w{oP w (7ers),

m(co)respectively, represent the weight of criterion j calculated using the Entropy, LOPCOW, and WENSLO, and
combined methods.

W]-(En).Wj(LOP).Wj(W‘mS)

w. (Co) _
j T en (En) .,,(Lop) ,,,(Wens)
5 j=1[wj wEPw ]

(18)

3.1. Similarity measures

This section uses four metrics to evaluate the consistency of rankings between the CRADIS and PIV
methods, in terms of rank order correlation and similarity. SPE, WPSE, RS, and KE metrics were used to test the
stability of the rankings when the criteria of weight calculation methods vary [69].

— Spearman’s coefficient (SPE)
Spearman's rank correlation is defined for ranking values ¢ (i) and p(i) as shown in Eq. (19) [70].
SPE =1~ ———ielo()) — p(D]? (19)
— Weighted Spearman’s coefficient (WSPE)

The Weighted Spearman correlation for a sample of size m with ranking values a(i) and p(i) is defined in Eq. (20).
The key difference from Spearman's rank correlation is that the Weighted Spearman coefficient can investigate when
and where the differences happen. Consequently, discrepancies at the top ranks of both sequences have a greater
influence on the correlation values [71-73].

6

WSPE =1 — ————%ezl0()) = p(D]*2m — 2 = a(1) = p(D) (20)

m*+m3-m

— Rank Similarity coefficient (RS)
This is an asymmetric measure, where the weight of a given comparison is determined by the significance of the
position in the reference ranking used during the calculation [71].

2—0‘(i)

RS=1 _Ziez

5 lo@ —p@I (21)

max(lo(D-1|[o(D-m
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— Kendall’s coefficient (KE)

This correlation coefficient is based on the number of rank pairs that must be reversed to convert one ranking into
another [71]. The Kendall's Tau correlation is defined in Equation (22).

KE = 20-9. (22)
m(m-1)

In Egs. (19-21), o(i) — p(i) indicates the difference in the rank of alternative i when ranked by different MCDM

methods or when ranked using the same MCDM method but the weights of the criteria are calculated using different

methods.

— —
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[ —
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Fig. 1. A MCDM framework for electric vehicle selection

3 Results and discussion

In this study, the CRADIS and PIV methods are compared based on various metrics, considering the ranking order
correlation and the real-life problem of electric vehicle selection. In this context, 10 electric vehicle alternatives
produced in 2024 were selected, and seven frequently used criteria were identified based on the comprehensive
literature review conducted in Section 2. The selected criteria align with the key factors influencing EV adoption. It is
well known that consumers prioritize driving range, charging speed, and power performance. Additionally, according
to Table 1, commonly used criteria include range, battery life, price, charging time, acceleration, top speed, and
combined fuel economy. Since the price information for the newly produced vehicles has not yet been disclosed, the
Price criterion was not included in this study. Table 2 presents the explanations of the criteria; Table 3 summarizes
the data for ten different electric vehicle models under seven criteria. Among these, C1 to Cs are the "smaller the
better" criteria, and Cs to C7 are the "the larger the better" criteria.

Table 2. Description of criteria

Criteria Unit Description

The driving range is the maximum distance a vehicle can travel after

Range (C1) km its batteries are fully charged.

This refers to the charging time of electric vehicles in the range of

Fast Charging (C2) kW 20% to 80%, expressed in minutes.

This is an expression of the acceleration time from 0 to 100 km in

Acceleration (Cs) s seconds.

Energy Consumption (C4) | kWh/100km | Electricity consumption per 100 kilometers

This is the expression of the amount of electrical energy a battery can

Battery Capacity (Cs) kW/h store, measured in kW/h.
Top Speed (Cs) km/h Itis the speed at vyhlgh the car can operate without issues, with all
components functioning under warranty.
Maximum Torque (C7) Nm It represents the force generated by the engine.
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Table 3. Electric vehicle models
Alt. C1 C2 Cs C4 Cs Ce C7
TOGG T10F 218 PS (A1) 350 28 7.2 16 524 180 350
Xiaomi SU7 295 HP (A2) 668 15 5.3 12.5 73.6 210 400
Ssangyong Torres EVX 207 PS (As3) 635 37 8.1 18.6 73.4 175 339
Renault 5 E-Tech 150 HP (A4) 400 26 7.5 13 52 150 245
Hyundai IOVIQ 6 151 BG Progressive (As) 429 32 8.8 16.1 53 185 350
Kia EV3 204 PS GT Line (As) 584 29 7.9 14.9 81.4 170 283
Opel Combo 136 HP Edition (A7) 346 30 11.7 19.5 50 132 270
Volvo EX30 272 HP (As) 344 26 54 16.7 51 180 343
Tesla Cybertruck Cyberbrast 845 HP (Ag) 515 15 2.7 15.4 123 209 740
Citroen e-C3 113 BG (A10) 320 26 11 16.4 45 135 120

The weights of the criteria were calculated using the Entropy, LOPCOW, WENSLO, and combined methods, and are
summarized in Table 4. The ranking results of the alternatives using the CRADIS and PIV methods are presented in

Table 5.
Table 4. Weights of criteria
Weight method C1 C2 Cs Cs Cs Ce C7
Entropy 0.1236 0.1138 0.2096 0.0291 0.1807 0.0387 0.3044
LOPCOW 0.1708 0.1293 0.1735 0.1712 0.0715 0.1616 0.1221
WENSLO 0.0838 0.0961 0.1795 0.0282 0.1989 0.0284 0.3850
Combination 0.0658 0.0526 0.2426 0.0052 0.0956 0.0066 0.5317
0,6
0,5
0,4
0,3
0,2 SN /
0,1 \ / = \/ /
0
cl c2 c3 c4 c5 c6 c7
e Entropy LOPCOW WENSLO Combination

Fig. 2. Weights of criteria

From the above results, it can be established that the rankings obtained using Entropy, WENSLO, and combined
weight methods are consistent, while the LOPCOW rankings are different from the other methods. These results are
consistent with the findings of [45] where different results were obtained based on different weighting techniques.
Taking a final general assessment into account after considering combined weight results, the highest importance
level is assigned to criterion C7 (Maximum torque). This criterion also has a high importance in the study by [54].
Also, Cs (Acceleration) has much higher importance compared to the other criteria. This criterion also has high
importance in the study by [51]. Specific details about the remaining five criteria, which include Cs4 (Energy
consumption) and Cs (Top speed), are less important. The result is generally consistent with a part of literature
findings [59, 62, 54, 50-51]. On the other hand, it should be noted that MCDM methods may be sensitive to the
dataset used, as well as to the number of alternatives and criteria.

Table 5. Comparative analysis result of CRADIS and PIV based on different weights

CRADIS PIV
Entropy LOPCOW | WENSLO Comb. Entropy LOPCOW | WENSLO Comb.
S R S R S R S R S R S R S R S R
A1 |0582| 4 |[0488| 4 0388 | 4 |0654 | 4 |0219| 4 | 0138 | 4 | 0242 | 4 | 0259 | 4
A | 0656 | 2 |0576| 2 0827 | 2 |0.708 | 2 |0178 | 2 | 0108 | 2 | 0.193 | 2 | 0.214 | 2
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CRADIS PIV
Entropy LOPCOW | WENSLO Comb. Entropy LOPCOW | WENSLO Comb.
S R S R S R S R S R S R S R S R
As |0541 | 7 |039% (10 |0.813 | 6 | 0.631| 6 [0250| 7 {0194 | 8 |0.261| 6 | 0.281 | 6
A4 | 0538 | 8 |[0464| 5 [0.792 | 8 | 0600 | 8 |0.251| 8 |0.152 | 5 | 0279 | 8 | 0.310| 8
As | 0550 | 6 0447 | 6 [0.791 | 7 |[0635| 5 | 0244 | 6 | 0162 | 6 | 0262 | 7 |0.280 | 5
As | 0551 | 5 (0432 | 7 (0799 | 5 | 0617 | 7 | 0239 | 6 |0167 | 7 | 0257 | &5 |0.293 | 7
As {0518 | 9 |0398| 9 [0.786 | 9 | 0592 | 9 | 0287 | 9 | 0.206 | 10 | 0.309 | 9 | 0.341| 9
As | 0604 | 3 |0509| 3 [0.799 | 3 |0.672| 3 |0.205| 3 |[0125| 3 | 0231 | 3 |0.244 | 3
As 10948 | 1 0787 | 1 0913 | 1 (0982 | 1 0018 | 1 |0.032| 1 |0.013| 1 | 0.009 | 1
A | 0484 |10 | 0416 | 8 | 0.858 | 10 | 0.530 | 10 | 0.314 | 10 | 0.198 | 9 | 0.349 | 10 | 0.399 | 10
S: Score, R: Rank
CRADIS PIV
10 10
8 8
E 5
w0 w0
2 2
Nl ‘ ‘ H I LA T Ml 1
Al A2 A3 m A5 As A7 A8 A AID M A2 A3 A4 AS AS AT A8 A9 ATD
mEntropy WLOPCOW mWENSLO mCombined mEntropy mLOPCOW mWENSLO mCombined

Fig. 3. Comparative analysis result of CRADIS and PIV based on various weights

All the data in Table 5 and Figure3 point out As to be the best alternative under all scenarios, strongly supporting A4
to be the best electric car. This means that CRADIS and PIV methods have very similar performances when it comes
to determining the best alternative among the ranked options. This contrasts with the A1, A2, and As rankings, which,
as is observed, remain unchanged across all scenarios but still occupy the 4th, 2nd, and 3rd position, respectively.
Based on Figure 3, although the ranking of CRADIS and PIV appears relatively similar, there is a change in position
of some of the alternatives, which includes As, A4, A7, and A1. To provide a better comparison between these
methods, the SPE, WPSE, RS and KE metrics were calculated utilizing the Eqgs. (19-22).

4.1. Comparison of CRADIS and PIV based on similarity coefficients

Table 6 summarizes the SPE, WPSE, RS, and KE coefficients calculated for each case when the criteria weights are
determined using two different methods. For example, the notation "Entropy/LOPCOW" in Table 6 indicates that the
corresponding SPE, WPSE, RS, and KE coefficients were calculated using the Entropy and LOPCOW methods to
determine the criteria weights.

Table 6. Comparison of CRADIS and PIV under various metrics

Entopy/ Entopy/ Entopy/ | LOPCOW/ | LOPCOW/ | WENSLO/ Average Deviation

LOPCOW | WENSLO | Comb. | WENSLO Comb. Comb. (%)

SPE PIV 0.9030 0.9879 0.9636 0.8788 0.9030 0.9515 0.9313 4.1
CRADIS 0.8424 0.9879 0.9636 0.7939 0.8182 0.9515 0.8929

WSPE PIV 0.8512 0.9802 0.9372 0.7950 0.8314 0.9207 0.8860 6.28
CRADIS 0.7421 0.9802 0.9372 0.6826 0.7190 0.9207 0.8303

RS PIV 0.9906 0.9974 0.9905 0.9849 0.9867 0.9913 0.9902 031
CRADIS 0.9889 0.9974 0.9905 0.9848 0.9865 0.9913 0.9899

KE PIV 0.7778 0.9556 0.9111 0.7556 0.8222 0.8667 0.8481 5.68
CRADIS 0.7333 0.9556 0.9111 0.6444 0.6889 0.8667 0.8000

According to the data in Table 6, when each scenario pair is compared, the values of the SPE, WPSE, RE, and KE
coefficients show minimal variation between the CRADIS and PIV methods. However, upon closer inspection, it is
evident that the PIV method has a slight advantage over the CRADIS method. The following statistics further clarify
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this observation. In the two different weight scenarios, Entropy and LOPCOW, when the PIV method is used, the
SPE, WPSE, RS, and KE coefficients are higher compared to the CRADIS method (SPE: 0.903-0.842, WPSE: 0.851-
0.742, RS: 0.990-0.989, KE: 0.777-0.733). On the other hand, when using Entropy-WENSLO, Entropy-Comb., or
WENSLO-Comb., the SPE, WPSE, RS, and KE coefficients for both the PIV and CRADIS methods are equal.
According to the results for LOPCOW/WENSLO and LOPCOW-Comb., in every case, the PIV method is more
advantageous than the CRADIS method. The average SPE coefficient for all comparisons is 0.9313 for the PIV
method and 0.8929 for the CRADIS method, showing a difference of approximately 4.21%. For the WPSE, RS, and
KE coefficients, when the PIV method is used, the average values of these coefficients are higher compared to the
CRADIS method, although the difference is especially small for RS: the difference for the WPSE coefficient is 6.28%,
for RSitis 0.031%, and for KE it is 5.68%. Overall, these data indicate that the PIV method is superior to the CRADIS
method.

4.2. Rank reversal test

In this section, an RRP test was conducted following a methodology similar to that of [74]. In this approach, sub-
optimal alternatives were deliberately eliminated at each stage, and the ranking orders of the remaining options were
assessed. The effect of this process on the Combined Weight-Based CRADIS and PIV results was evaluated. The
outcomes are presented in Table 7.

Table 7. RR test results based on CRADIS and PIV

CRADIS PIV
Current Ranking Ag>A2>As>A1>As>A3>Ac>As>A7>An0 | Ao>A2>As>A1>As>As>As>As>A7r>Aq0
Exclusion of Ao Ao>A>As>A1>As>Az>As>As>A7 Ag>A2>As>A1>As>As>Ac>As>A7
Exclusion of A1o, A7 Ao>A2>As>A1>As>Az>As>As Ao>A2>As>A1>As>Az>As>As
Exclusion of A1o, A7, As Ao>A2>As>A1>As>As>As Ao>A2>As>A1>As>Az>As
Exclusion of A1o, A7, A4, As Ao>A2>As>A1>As>As Ao>A2>As>A1>As>As
Exclusion of A1, A7, A4, As, A3 Ao>A2>As>A1>As Ao>A2>As>A1>As
Exclusion of A1, A7, As4, As, Az, As Ao>A2>As>A1 Ao>A2>As>A1
Exclusion of A1o, A7, A4, As, A3z, As, A1 Ao>A2>As Ao>A2>As
Exclusion of Ao, A7, A4, A, As, As, A1, As Ag>Az Ag>A2
Exclusion of A1o, A7, A4, Ae, As, As, A1, As, A2| Ag Ag

Initially, the CRADIS and PIV results were compared within the scope of the RR test using the criterion weights
obtained through the Combined Weight approach. The Combined Weight-based CRADIS and PIV rankings were
found to be identical (r=1), as shown in the first row of Table 7. Subsequently, the alternatives with the worst
performance were sequentially removed, and the CRADIS and PIV analysis steps were repeated. First, the
alternative A1o, which ranked last in both rankings, was removed from the decision matrix, and the analysis was
repeated. In this manner, nine scenarios were generated, and the rankings of the alternatives remained consistent
across all scenarios. As a result, it was concluded that both the CRADIS and PIV methods exhibited no significant
sensitivity to RRP.

4 Conclusions

This study employed both the CRADIS and PIV methods to rank and select the best electric vehicle among the ten
available options. The weights of the criteria for evaluating each electric vehicle were calculated using four different
methods: Entropy, LOPCOW, WENSLO, and a combination of these methods. In this study, which considered seven
criteria (Range, fast charging, acceleration, energy consumption, battery capacity, top speed, maximum torque), the
combined weight results identified C7 (maximum torque) as the most important criterion. According to the CRADIS
and PIV results obtained based on the four different weighting techniques, the alternative ranked first was Ao, and
this result remained consistent across all scenarios.

In this study, where the ranking consistency of the CRADIS and PIV methods was compared based on various
metrics such as the SPE, WPSE, RS, and KE coefficients, it was found that the PIV method exhibited a slight
advantage over the CRADIS method. Additionally, an RRP test was conducted to assess the sensitivity of the ranking
methods. As a result, it was concluded that both the CRADIS and PIV methods showed no significant sensitivity to RRP.

The limitations of this study can be expressed as follows: Only ten electric vehicles were evaluated in this study, and
a broader range of alternatives was not considered. This limitation may restrict the generalizability of the results. The
criteria used to evaluate electric vehicles are limited to a specific set, which may reduce the external validity of the
research. Future studies should broaden the range of alternatives and criteria, incorporating vehicles from different
segments and brands, as well as additional criteria, to provide a more comprehensive analysis. In this study, rankings
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were performed using only the CRADIS and PIV methods based on various metrics. Future research could compare
different MCDM methods within a similar framework.
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